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Abstract. The simulation of current and projected wildﬁres
is essential for predicting crucial aspects of vegetation pat-
terns, biogeochemical cycling aswell as pyrogenicemissions
across the African continent. This study uses a data-driven
approach to parameterize two burned area models applica-
ble to dynamic vegetation models (DVMs) and Earth sys-
tem models (ESMs). We restricted our analysis to variables
for which either projections based on climate scenarios are
available, or that are calculated by DVMs, and we consider a
spatial scale of one degree as the scale typical for DVMs and
ESMs. By using the African continent here as an example,
an analogue approach could in principle be adopted for other
regions, for global scale dynamic burned area modelling.
We used 9 years of data (2000–2008) for the variables:
precipitation over the last dry season, the last wet season and
averaged over the last 2 years, a ﬁre-danger index (the Nes-
terov index), population density, and annual proportion of
area burned derived from the MODIS MCD45A1 product.
Two further variables, tree and herb cover were only avail-
able for 2001 as a remote sensing product. Since the effect of
ﬁres on vegetation depends strongly on burning conditions,
the timing of wildﬁres is of high interest too, and we were
able to relate the seasonal occurrence of wildﬁres to the daily
Nesterov index.
We parameterized two generalized linear models (GLMs),
onewiththefullvariableset(modelVC)andoneconsidering
onlyclimatevariables(modelC).Allintroducedvariablesre-
sulted in an increase in model performance. Model VC cor-
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rectly predicts the spatial distribution and extent of ﬁre prone
areas though the total variability is underrepresented. Model
VC has a much lower performance in both aspects (corre-
lation coefﬁcient of predicted and observed ratio of burned
area: 0.71 for model VC and 0.58 for model C). We expect
the remaining variability to be attributed to additional vari-
ables which are not available at a global scale and thus not
incorporated in this study as well as its coarse resolution. An
application of the models using climate hindcasts and projec-
tions ranging from 1980 to 2060 resulted in a strong decrease
of burned area of ca. 20–25%. Since wildﬁres are an integral
part of land use practices in Africa, their occurrence is an in-
dicator of areas favourable for food production. In absence
of other compensating land use changes, their projected de-
crease can hence be interpreted as a indicator for future loss
of such areas.
1 Introduction
Wildﬁres are a global phenomenon directly affecting vege-
tation temporal and spatial patterns, local and global atmo-
spheric chemistry, and human populations inhabiting the af-
fected areas. Globally, the African continent has the highest
amount of annual burned area (Roy et al., 2008) with ex-
tensive wildﬁre activities in African savannas tracing back
through the Quaternary period (Bird and Cali, 1998). Over
the(mostly lowindustrialized) Africancontinent, theamount
of pyrogenically released carbon is estimated to be of the
same order of magnitude as the carbon released by fossil
fuel burning (Williams et al., 2007). Not only the pyrogenic
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carbon release is of interest (e.g. for global circulation mod-
els, GCMs and Earth System models; ESMs) but also the
ﬁre-feedback on vegetation structure and hence biogeochem-
ical cycling. Dynamic vegetation models (DVMs; Arneth et
al., 2010b) such as LPJ-GUESS (Smith et al., 2001) simu-
late vegetation and its atmospheric exchange depending on
historic and projected climate data, and in ﬁre-prone envi-
ronments their results rely strongly on the ﬁre model used
(Arneth et al., 2010b).
SomeDVMstudiesinvestigatingtheeffectsofwildﬁreson
vegetation and emissions have used either remotely sensed
burned area data (van der Werf et al., 2006; Lehsten et al.,
2009) or a dynamic mechanistic burned area model derived
from theoretical considerations (Thonicke et al., 2010; Ar-
neth et al., 2010a). The former can only be applied for peri-
ods in which remote sensing products are available; the lat-
ter is appropriate to analyse past and future changes in ﬁre
regimes. Information on the environmental variables rele-
vant for the analysis of wildﬁre regimes is only available at
very different temporal and spatial scales. This has to be
taken into account for the design of the study. For instance,
slope, a variable with a high spatial variability might be ne-
glected at larger scale leading to an assumed mean value of
zero. On the other hand, the common assumption of a mean
value over a typical gridcell of the available meteorological
data is highly problematic for other variables. This is espe-
ciallythecaseforwindspeedwhichaffectsﬁredevelopment,
spread and intensity and varies strongly at a local scale. It is
even inﬂuenced by the ﬁre itself due to uplift, given a suf-
ﬁciently large ﬁre. Mechanistic burned area models derived
from applications of ﬁre spread models require the parame-
terisations of some important processes depending on highly
uncertain variables (like horizontal wind speed, ﬁre travel in
fragmented landscape, etc.) and statistical assumptions for
other parts of the calculation (like the relationship between
population density and human-driven ignitions). These un-
certainties are ampliﬁed by subsequent simulations of ﬁre
spread.
Our study seeks to parameterise a statistical model for the
prediction of burned area based on its major controlling fac-
tors. We use remotely sensed burned areas combined with
climate and population density data to optimise a statistical
model for the prediction of wildﬁre activity. Despite its im-
portance for climate change assessments, atmospheric com-
position and ecology, the analysis of the factors controlling
wildﬁres is at a relatively early stage especially at continental
to global scale. This is partly due to the lack of multi-annual
high resolution remote sensing data of burned areas until re-
cently (Roy et al., 2010). Though burned area models are of
highinterestinthemselves, theyareonlyapplicabletoDVMs
or ESMs if they are restricted to climate and socio-economic
variables with a historical or future projected global coverage
at a spatial scale typical for these models (i.e. between 0.25◦
and 1◦), and if they use a model structure that can be linked
to the dynamic terrestrial models.
Here we analyze the relationship between annual burned
ratio, climatic drivers, tree and grass cover fraction and pop-
ulation density. The resulting generalized linear model for
burnedarea isapplicable foruse inDynamic vegetationmod-
els or Earth system models. After demonstrating the perfor-
mance of the model using recent climate data, we also ap-
ply it to climate change projections under the SRES A2 and
B1 scenarios. While Global climate models deliver projec-
tions of climate variables, they do not provide estimates for
changes in tree and herb cover, unless they are linked to a
DVM. We included these two variables in our analysis since
previous studies (e.g. Archibald et al., 2009), have shown
vegetation canopy structure to be an important determinant
of wildﬁres and because these dynamically changing struc-
tural properties of ecosystems are commonly estimated by
DVMs. We simulate total burned area of Africa from 1980
to 2060 using two burned area models, one accounting for
climate and vegetation related variables and a second one
with a reduced variable set containing only climate related
variables.
2 Methods
2.1 Data selection
For the development of the generalized linear model, we con-
sidered the period from 2000 to 2008, resulting in eight “ﬁre
years” (see below). The burned area data were separated
into three sets: a training dataset, a validation dataset and
a dataset only used to evaluate the spatial patterns of the pre-
diction. The training dataset contained all data except for a
longitudinal band from 20◦ E–30◦ E over the whole continent
(Fig. 1) and all data from the year 2007 and was used to esti-
mate the model parameters. The validation dataset contained
this left-out longitudinal band from 20◦ E–30◦ E (Fig. 1) for
allyearsandwasusedtocalculatethecorrelationcoefﬁcients
(R-values; see below). A third dataset, containing only the
year 2007 and covering the full continent was used to eval-
uate the spatial performance of the model and to display the
spatial patterns of the differences between model predictions
and data at continental scale.
When testing the relationship between spatially distributed
variables it is common practice to separate the data randomly
between training and validation data, and to repeat the proce-
dure of generating training and evaluation data to generate a
large number of models. This allows evaluating the variation
of performance among the estimated models. However, in
our study we decided to use a single, spatially and temporally
predeﬁned validation dataset because a bootstrapping proce-
dure of randomly assigning data points to either the training
or validation dataset results in different model parameters for
each randomised training and evaluation data set. Since our
focus lies on the estimation of these model parameters for
further application we aimed for a single model, instead of a
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Fig.1. Meanannualfractionofareaburned, averagedoverallinves-
tigated years from 2000–2007. Data from grid cells located outside
the two bold meridian lines were used as training data to estimate
the model parameters (except for the data for the year 2007). The
data from grid cells between the two meridians were only used to
estimate the R-values.
range of models resulting from randomised data sets. There-
fore we choose the validation data in a way that it covers
as much variation as possible with respect to the variables
by using a cross continental longitudinal band. By assigning
data from all years to the validation data, instead of using e.g.
a single year as validation we assured that no spatial location
that contributed to the training data is used in the validation
dataset.
2.2 Burned area
Since the ﬁre seasons are different in the northern and South-
ern Hemisphere, burned fractions for both hemispheres were
calculated for different time periods. The “ﬁre year” was
set to last from the 1 of April until the 31 of March in the
Northern Hemisphere, whereas in the Southern Hemisphere
it spans from 1 of November to 31 of October (for details
see Arneth et al., 2010a). While ﬁre seasons are deﬁned as
times with considerable amounts of burned area (see Results
section), we separated the data into “ﬁre years” spanning a
whole year, to account not only for the actual ﬁre season
(called dry season in the remaining parts) but also the preced-
ing wet season, see below. This allowed us to pool Northern
and Southern Hemisphere Africa into a single dataset.
We used the MCD45 burned area product (Roy et al.,
2008). These burned area maps come as monthly data with
a 500m spatial resolution and were combined into annual
datasets for the period 2000–2008. The MCD45 product is
known to underestimate the total burned area (Roy, 2009)
therefore we used the lowest quality stage of the burned area
data, which has the highest level of detection of burned area
(and also the highest level of incorrectly detected burned ar-
eas). All pixels for which the data was insufﬁcient to provide
clear classiﬁcation, i.e. leading to a value of 10000 in the
burn-date array of the MODIS product were discarded. Since
we used a one degree horizontal grid for our analysis, infor-
mation on the ﬁre occurrence based on the original 500m
pixels was transformed to a burned area fraction (also called
burned area ratio) in each one degree cell. The annual burned
areas (Figs. 1 and 3a) were derived from the monthly maps
without speciﬁcally accounting for whether a pixel was clas-
siﬁed as “burned” one or more times in the same “ﬁre year”.
The annual “burn fraction” value for each grid cell was then
derived by calculating the ratio between the number of pixels
classiﬁed as “burned” over the 12-month period and the total
number of valid pixels within the same cell. In that way, we
assumed indirectly that the pixels that were not classiﬁed in
theMODISproductexperiencethesameﬁrefrequencyasthe
classiﬁed pixels. This procedure increases the burned area
compared to the standard approach of only counting valid
pixels (e.g. Giglio et al., 2010). We performed this procedure
for two reasons: ﬁrstly, in regions that experience a relatively
long wet period, for example western Africa, the MODIS
product is known to miss ﬁres due to prolonged cloud cover.
In these areas, the increase will be strongest. Secondly, the
MODIS burned area product underestimates the burned area
even under good visibility conditions, see below.
The MODIS MCD45 product derives the burned area from
changes in reﬂectance values, by contrast to products based
on active ﬁre data counts (i.e. remotely sensed active ﬁres)
which can be converted into burned area, e.g. based on the
fractional tree cover (e.g. Pechony and Shindell, 2009). We
consider the use of burned area data to be more reliable than
converted active ﬁre count data since the time period for po-
tential detection of burned area is longer. Active ﬁre data
only takes into account ﬁres occurring during the satellite
overpass in cloud-free conditions. Therefore polar-orbiting
satellites can only provide partial information on the ﬁre ac-
tivity. In Africa this is particularly relevant since ﬁres usually
last only few hours or less (though some large ﬁres might
last for several days in the absence of ﬁre breaks) and as a
consequence the non-detection rate of ﬁres in hot spot prod-
ucts is relatively large. A recent evaluation exercise (Roy and
Boschetti, 2009) of the burned area products L3JRC (Tansey
et al., 2008), GlobCarbon (Simon et al., 2004) and MODIS
MCD45 (Roy et al., 2008) against classiﬁed 5km×5km
Landsat scenes of southern Africa found highest level of
agreement for the MODIS product, resulting in a correlation
coefﬁcient R = 0.86 (R2 = 0.75) and a slope of 0.75 (Roy
and Boschetti, 2009).
2.2.1 Tree and herb cover
Fuel estimation in savannah regions from remotely sensed
data is not well established. Mbow et al. (2004) used spec-
tral parameters for wetness, brightness and greenness as a
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proxy, which can be derived from satellite data but these pa-
rameters are normally not calculated by DVMs. We therefore
prefer the use of fractional cover of trees and herbs, as vari-
ables that can both be assessed from remotely sensed data
and calculated by terrestrial models. Grassy vegetation pro-
vides in combination with trees the fuel (mainly litter) re-
quired for a wildﬁre to burn. The relative woody and herba-
ceous cover is expected to inﬂuence wildﬁres in a number
of ways in African savannas. Low tree cover indicates over-
all dry conditions with low fuel production and infrequent
ﬁres since the fuel needs to accumulate over several years,
whereas a high tree cover can be linked to moist and there-
fore unfavourable burning conditions. Savannas as well as
natural and semi-natural grasslands in the semi-arid trop-
ics are particularly ﬁre prone due to sufﬁcient fuel produc-
tion, combined with the use of ﬁre as a common landscape
management tool to enhance grass re-growth for grazers and
to avoid shrub encroachment (Saarnak, 2001; Mbow, 2000;
Hough, 1993). Archibald et al. (2009) in their investigation
of drivers of burned area found tree cover to have the highest
predictive value.
For the development of our burned area regression model,
woody and herbaceous fractional cover data were gener-
ated by up-scaling the MODIS Vegetation Continuous Fields
product (VCF; Hansen et al., 2003). This product pro-
vides information of the tree, herbaceous vegetation and bare
ground fractions at 500m resolution for the year 2001. Since
the three fractions sum up to a maximum of 100%, no in-
formation is available on possibly overlapping layers of veg-
etation (i.e., forest understorey). However, most savannah
areas, which are burning frequently, have no closed canopies
like rainforests, making the detection of understorey grasses
possible for the satellite. Though tree and herb cover are ex-
pected to change over the course of time, to our knowledge
there is no continuous product available for the investigated
time period. Given that the data are aggregated to one de-
gree spatial resolution, we expect, only a low year to year
variability at this scale at least over the time period of our
analysis. However, over the time period used to project the
burned area, this ratio is expected to change considerably.
2.2.2 Population density
The vast majority of burned area is ignited by humans un-
der present-day conditions (Saarnak, 2001) which provides
the basis of using population density as a viable proxy for
the analysis of ﬁre-regimes. Venevsky et al. (2002) used an
exponential function to relate the number of ignitions by hu-
mans to population density. This steadily increasing relation-
ship is subsequently multiplied with a spatially explicit fac-
tor of human ignition potential (ignitions per person per day;
derived from remote sensing data) which takes into account
effects of urbanity and typical land use practices. This ap-
proach has been further developed by Thonicke et al. (2010)
who applied a uni-modal shaped relationship between popu-
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Fig. 2. Simulated climate and population variables used to project
the burned area until the year 2060, taken from the two SRES story-
lines A2 and B1 and ECHAM climate model projections. The time
period from 1980 to 2000 is calculated from the control simulation
of the 20th century and is therefore similar in both scenario runs.
For details of the used data sets see the Methods section. Upper
panels: total precipitation: lines a: mean annual precipitation over
the last 4 seasons (covering 2 years); lines b: total precipitation dur-
ing the wet season; lines c: total precipitation during the dry season;
middle panels: total population, lower panels Nesterov index, mean
of maximum values of each year.
lation density and number of potential ignitions reﬂecting the
fact that a certain minimum population density is required in
order to maintain land use systems which can make use of
ﬁre as a landscape management tool. Decreased ignitions at
high population densities reﬂect active ﬁre suppression and
urbanisation that both limit ﬁre occurrence and spread.
For our analysis we used the dataset for population den-
sity (raster dataset; resolution 5×5arcmin) provided from
the FAO available for the years 2000 and 2005 and as a pro-
jection for 2010 (Healy, 2008). We scaled the data to one
degree latitude and longitude and interpolated intermediate
yearslinearly. Fortheapplicationoftheparameterisedmodel
into the future we used the gridded population projection
from Bengtsson et al. (2006) for the two SRES storylines
B1 and A2 (Fig. 2).
2.2.3 Precipitation
Precipitation is a main driver of net primary production and
thus of fuel load in semi-arid regions. Several aspects of
Biogeosciences, 7, 3199–3214, 2010 www.biogeosciences.net/7/3199/2010/V. Lehsten et al.: Modelling burned area in Africa 3203
precipitation are potentially inﬂuencing wildﬁres: Spessa et
al. (2005) as well as Lehsten et al. (2009) found a uni-modal
relationship between total precipitation sum and the amount
of burned area. Harris et al. (2008) found a strong relation-
ship between the burned area and the precipitation of the pre-
ceding wet season in northern Australia. As suggested by
Van Wilgen (2004) we also tested the inﬂuence of the mean
precipitation of the last two dry and wet seasons since there
seems to be a certain time period required for the vegetation
to grow and produce litter for fuel build up sufﬁcient to main-
taining a wildﬁre.
Based on the originally daily TRMM precipitation data
(data set 3B43, Kummerow et al., 1998) we generated three
precipitation input parameters, each reﬂecting our ﬁre year
deﬁnition. Total precipitation during the potential dry sea-
son (NHA: October–March, SHA: May–October), capturing
burn conditions over the dry period; total precipitation dur-
ing the potential wet season (NHA: April–September; SHA:
November–April), as the period that determines the potential
fuel load of the given year; and average precipitation over
the last two wet and dry seasons, representing potential fuel
accumulation.
2.2.4 Nesterov index
In addition to ignition sources and a certain amount of fuel,
an obligatory condition for wildﬁre development is the suf-
ﬁcient dryness of the fuel. Fuel dryness is related to the
Nesterov ﬁre-hazard-index (short Nesterov index; Nesterov,
1949; Thonicke et al., 2010). Being originally developed for
boreal areas, this daily (d) index (Nestd) depends on daily
precipitation (pd) and the mean and dewpoint temperatures
(tmean and tdew). For days with precipitation below 3mm
the index is computed as in Eq. (1) and it is (re)set to zero
if the daily precipitation is above 3mm (Eq. 2). Reﬂecting
its derivation in northern regions, the Nesterov index is also
reset to zero if the temperature drops below zero degrees Cel-
sius. Since there are regions in Africa where neither low
temperature nor daily precipitation above 3mm occur over
several years, we limited this statistic to a maximum value of
2×105 to avoid accumulation to unreasonably high values
(Eq. 3).
Nestd =(tmean−tdew)tmean+Nestd−1 if pd <3mm (1)
Nestd =0 if pd ≥3mm (2)
Nestd =2×105 if Nestd ≥2×105 (3)
In boreal areas a value of 300–1000 is considered to in-
dicate a low ﬁre danger, from 1001 to 4000 the ﬁre danger
is moderate and all values above 4000 are considered to in-
dicate extreme ﬁre danger. For African conditions, the gen-
erally much higher temperatures lead to a stronger increase
in the index compared to boreal parts of the world, thus ﬁre
danger scales differently to the index. However, our derived
models are only applied to the African continent where pre-
cipitation is the major environmental driver for ﬁre, not tem-
perature, and the Nesterov index still reﬂects a valid relative
measure of dryness which can be related to wildﬁre occur-
rence.
Since the dewpoint temperature was not available in the
climate datasets, we approximated it as follows using the rel-
ative humidity:
tdew =
237.7 ◦C

17.271 tmean
237.7 ◦C+tmean + ln(hr)

17.271 − 17.271 tmean
237.7 ◦C+tmean + ln(hr)
(4)
with tmean and tdew being the mean and dewpoint tempera-
tures and hr being the relative humidity ranging from 0 to 1
(Foken, 2003, p. 43) .
The Nesterov index varies daily. In the ﬁrst part of our sta-
tistical analysis we used the maximum value over each grid
cell reached in each “ﬁre year”, while for the estimation of
the seasonal occurrence of wildﬁres we applied an analysis
based on the daily varying values. A Hovm¨ oller plot was
used to illustrate the average Nesterov index over the course
of the year per longitudinal band of one degree width visu-
ally. For all cells that experienced a higher burned area ratio
than 0.1% (i.e. 0.001), we also statistically related the sum of
burned area ratios to the corresponding Nesterov index.
2.3 Data analysis
All input data were re-gridded to one degree resolution. Lo-
gistic regression models with quadratic terms (generalized
linear models; GLMs; Eq. 5) were then generated by pooling
all 8 “ﬁre years” of data. These models evaluate the prob-
ability of a certain event (the area being burned) in relation
to a certain variable (e.g. ratio of tree cover), or combina-
tions of variables. In cases where the relationship between
burned area and the investigated variable was asymmetrical
(skewed) we used the logarithm of the variable as input (e.g.
burned area vs. population density; Fig. 3f). For each one de-
gree cell the amount of data used to estimate the parameter is
equal to the number of successfully classiﬁed 500m MCD45
pixels. We calculated a correlation coefﬁcient (R-value) for
each parameterisation by correlating the observed burned ar-
eas to the predicted values derived from the model estimation
for the evaluation dataset.
Two models were parameterised: model VC derived from
the full set of variables (including vegetation and climate re-
lated variables) and model C derived only from the climate
variables not containing tree and herb cover.
2.3.1 Model choice: Baysian Information
Criterion (BIC)
Clearly, the generalized linear regression analysis as pre-
sented here must take into consideration some inevitable
short-comings: the sum of tree cover and herb cover can
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Fig. 3. Response of burned area to the variables tree and herb cover, precipitation (average over the last four seasons, last wet season, last
dry season) and population density. The correlation coefﬁcients as well as the model parameter for each variable are listed in Table 1.
result only in a maximum of 100%. All the precipitation
variables can be expected to exert a certain degree of co-
dependence, spatially as well as temporally. In fact, all in-
corporated variables are to a certain degree correlated with
each other. Due to the low rate of industrialization, the popu-
lation density depends on the ability of the surrounding area
to produce food, which again is directly related to the annual
rainfall. Since all variables quantify different aspects of the
grid cell which potentially inﬂuence the burned area we de-
cided to base the decision to include or discard them not on
their level of correlation but on the improvement of the ﬁnal
model.
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Table 1. Parameterisation of model VC. Correlation coefﬁcient (R-value) of all models with variables used as single predictors; constant
linear and squared coefﬁcients of the single variable models and of model VC. The constant term for the ﬁnal model is −10.06. The
abbreviations v, l and s are used in Eq. (5).
Model variables (v) Corr. coeff. Constant term Linear coeff. Squared coeff. Linear coeff. Squared coeff.
in single var. in single var. in single var. in single var. in ﬁnal in ﬁnal
model model (a) model (l) model (s) model (l) model (s)
Tree-cover [ratio] 0.53 −4.20 2.10×10−1 −4.01×10−3 1.69×10−1 −1.49×10−3
Mean Precipitation last 4 seas. [mm] 0.49 −6.55 1.00×10−2 −3.92×10−6 3.22×10−3 −1.29×10−6
Herb-cover [ratio] 0.43 −8.13 1.63×10−1 −8.20×10−4 8.78×10−3 7.41×10−4
Precipitation Rain-season [mm] 0.46 −5.76 9.51×10−3 −4.08×10−6 −3.69×10−4 2.66×10−7
Nesterov maximum [see above] 0.39 −2.54 3.68×10−5 −3.71×10−10 1.95×10−5 −6.68×10−11
log(Population density [per/km2]) 0.27 −2.94 2.09 −1.63 −6.78×10−1 −8.03×10−2
log(Precipitation Dry-season [mm]) 0.26 −5.72 3.62 −6.89×10−1 −4.43×10−1 2.66×10−1
To evaluate whether the incorporation of additional pa-
rameters in the model increased the quality of the model or
simply increased the correlation factor due to over-ﬁtting we
used the Bayesian Information Criterion. This criterion is
known to penalize additional parameters stronger than the
Akaike criterion (Schwarz, 1978). The model with smallest
BIC is considered the best. To test whether the BIC values
differ signiﬁcantly, we used a bootstrapping procedure re-
sampling the dataset repeatedly 103 times, and subsequently
estimating all model parameters. BIC values for each vari-
able combination were then compared with the variable com-
bination containing one variable more using the Wilcoxon
signed rank test at the 5% signiﬁcance level. Variables were
considered to signiﬁcantly improve the model performance
if the BIC values decreased signiﬁcantly.
2.4 Model application – climate scenarios
To test the applicability of the parameterised model, and
to assess the expected trend of burned area in the African
continent, we applied the model using simulated climate
data based on the two SRES storylines A2 and B1, and
the ECHAM climate model. We used the 6 hourly val-
ues provided from the World Data Center for Climate
i.e. the experiments EH5-T63L31 OM 20C3M 1 6H, EH5-
T63L31 OM-GR1.5L40 A2 1 6H and EH5-T63L31 OM-
GR1.5L40 B1 1 6H (Roeckner, 2005) to calculate the an-
nualvariables(seeFig.2). Wecombinedtheﬁrstdatasetcon-
taining simulated climate data for the 20th century with each
of the other two which contained the projected climate to ob-
tain two time series spanning from 1980 until 2060 and cal-
culated the resulting total burned area. We parameterised two
sub-models, onewith(modelVC)andonewithout(modelC)
tree and herb cover. For the projection of burned area using
model VC we assumed the tree and herb cover to be ﬁxed
over the simulation period.
3 Results
The relationships that emerged between each of the investi-
gated variables and the fraction of burned area are displayed
in Fig. 3. All variables showed a uni-modal response al-
though for some of them logarithms were taken in order to
make the response more symmetric. The p-values of all
GLMs, testing the difference to zero for all model param-
eter of the modelled response (red lines) were below 10−4,
indicating a uni-modal rather than a linear distribution of the
data.
To assess the explanatory value of each descriptive vari-
able we used the correlation coefﬁcients (R-values) of the
single variables (Table 1) using the parameters estimated
from the training data, and calculating the correlation be-
tween the predicted and the remotely sensed burned area
using the validation dataset. After estimating the ﬁt of the
GLMs using only one variable, we generated cumulative
GLMs adding one variable after the other and calculated BIC
values. A test of difference revealed that each variable in-
creased the performance of the cumulative model. The ﬁnal
GLM, containing all variables (model VC) resulted in an R-
value of 0.71. When only climate related variables are con-
sidered (model C), the R-value was reduced to 0.58. Corre-
lating the predicted values of the training datasets with the
observed values of the training dataset using model VC re-
sults in an R-value of 0.74 (model C: 0.60). This increases
our conﬁdence in the selection procedure by showing that the
training area well represents the evaluation area with respect
to the relationship between burned area and considered vari-
ables.
For the variables dry season precipitation and population
density we used the natural logarithm instead of the actual
value to link to burned area (ba) in the form of:
ba =
1
1 + e
−
 
a +
7 P
i=1
livi +siv2
i
! (5)
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Fig. 4. Fraction of area burned in the ﬁre year 2007. Panel (a)
remotely sensed from MODIS MCD45; panel (b) predicted from
the parameterised ﬁre model VC. Panel (c) residuals observed –
predicted from model VC. Data for the year 2007 is not used for
the estimation of the model parameters (Table 1).
The model has one parameter for the linear part l1 to l7 for
each variable v1 to v7, and another one (s1 to s7) for the
squared part. All parameters of model VC are listed in Ta-
ble 1. The ﬁnal model VC also includes a constant term
(a) with a value of −10.6 (Table 1). For comparison, the
parameter- and R-values of model C are listed in Table A1
in the Appendix. The predicted and observed burned area
as well as the residuals for the “ﬁre year” 2007 are shown
in Fig. 4 for model VC and Fig. A1 in the Appendix for
model C.
Model VC performs well in predicting the geospatial
burned area pattern, with absence of notable burned area
in very dry areas like the Sahara or Kalahari desert and in
wet areas like the tropical rain forest. It captures the geo-
graphic distribution of ﬁres across the savannah biome well,
butitdoesnotpickupregionswithhighburnedareafractions
above 0.5. Overall the predicted burned area shows a lower
spatial variability compared to the remotely sensed burned
area. Model C has a much lower performance not only in the
total agreement reached (R-value), but also in the represen-
tation of the spatial pattern (Appendix, Fig. A1).
3.1 Inter-annual variability
We also investigated the inter-annual variability, in this case
using the estimated parameters to predict not only the evalu-
ation dataset but the full dataset. The predicted burned area
fractions were then used to examine inter-annual variation
using the standard deviation (of the average burned area frac-
tion) for each grid cell between years. The spatial distribu-
tion of the inter-annual variability of burned area as detected
by MODIS and predicted by model VC is shown in Fig. 5
(model C Fig. A1, Appendix). Though areas experiencing a
high inter-annual variability are correctly depicted, the total
amount of the inter-annual variability is underestimated by
model VC.
3.2 Intra-annual variability
The two Hovm¨ oller diagrams in Fig. 6 illustrate the intra-
annual distribution of the remotely sensed wildﬁres, and the
Nesterov index derived from the climate data, respectively.
The highest ﬁre activity in the Northern Hemisphere is de-
tected between October and February and in the southern
part the majority of wildﬁres occur between May and Oc-
tober. In both hemispheres the burn seasons shift to later pe-
riods from north to south. The ﬁre season in the northern part
is shorter and more pronounced than in the Southern Hemi-
sphere where the burning especially south of 10◦ S occurs
over a longer time-span at a low level.
The Nesterov index, the cumulative index of the dryness is
limited, according to our deﬁnition, to a maximum of 2×105,
values that were reached only in the Saharan desert. Fig-
ure 6b indicates that the timing of the dry season depends
strongly on latitude. In the part of the Northern Hemisphere
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Fig. 5. Standard deviation of fraction of burned area from 2000 to
2008. Panel (a) directly derived from MODIS burned area product
MCD45; panel (b) predicted from model VC, using all available
years.
where the majority of ﬁres occur, the dry season starts in
September and lasts until May, while in the latitudinal band
where wildﬁres occur in the Southern Hemisphere it lasts
from May until September. Visual comparison of the two di-
agrams in Fig. 6 shows that in both hemispheres the majority
of ﬁres are found during the ﬁrst half of the dry season.
In order to ﬁnd a quantitative relation between the burned
area and the Nesterov index, we binned the values of the log-
arithms of the index (Ni) and added all the burned area frac-
tions, for each bin. After scaling the values to a total area of
unity we ﬁtted a lognormal distribution (Fig. 7; Eq. 6). The
result can be interpreted as a probability density for the ﬁre
activity. The maximum is found at a Nesterov index of ca.
104, more precisely the parameter µ of the ﬁtted lognormal
distribution equals to 3.95 and the parameter σ to 0.495. The
relative fraction of burned area bar can hence be estimated
for each day using Eq. (6).
a
log10
Nesterov
Index b
a
log10
Nesterov
Index b
Fig. 6. Hovm¨ oller diagram of remotely sensed daily ratio of burned
area per day (a) and of daily latitudinal averages of the Nesterov in-
dex based on the climate data, averaged over the period from 2000–
2008 (b). The red areas between 20◦ N and 30◦ N in panel (b) are
for the Saharan desert where the Nesterov index was never reset to
zero (requires rain event >3mm per day) during the study period.
bar =
1
√
2πσ2
exp
−(log10Ni −µ)2
2σ
(6)
To check the resulting relationship between the burned
area fraction and the Nesterov index we used the test area be-
tween 20◦ E and 30◦ E (Fig. 1) and correlated the calculated
sums of burned area fractions estimated from Eq. (6) with the
observed ones, resulting in an R-value of 0.89 (p <0.001).
The relationship in Eq. (6) can be used to add intra-annual
time dependence to our model. This is shown for an exam-
ple grid cell in Fig. 8. Panel (a) displays the Nesterov in-
dex over the year 2007. We then distribute the relative frac-
tion burned over the year, based on the seasonality of Ni us-
ing Eq. (6). Finally we scale the prediction of the fraction
burned given by our model (Eq. 5) so that the total sum of
the relative fractions (Eq. 6) equals the burned area estimated
from Eq. (5) and obtain panel (c). A comparison with the
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Fig. 7. Sum of burned area fractions versus log10 of the Nesterov
indices, rescaled to a maximum area of 1. This curve was gener-
ated using the same training data as used in the remaining analysis
(e.g. all locations outside the area from 20◦ E to 30◦ E indicated in
Fig. 1).
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Fig. 8. Intra-annual wildﬁre activity. Temporal distribution of the
Nesterov index (a), the observed burned area (b) and the predicted
temporal distribution of ratio burned (c) for an example gridcell
(−12◦ S and 27◦ E) in the year 2007.
observed daily burned area distribution (Fig. 8b) shows the
agreement between the timing of the observed and predicted
burnedarea, withasmootherseasonalcourseinthestatistical
model than observed by the satellite. The predicted burned
area (Fig. 8c) shows two peaks in November while MODIS
senses no ﬁre activities around that time. This is caused by
the fact that our prediction of the timing of the ﬁre activi-
ties depends solely on the Nesterov index. If a short dry pe-
riod within the wet season causes the Nesterov index to reach
values indicating a ﬁre potential, it predicts a ﬁre activity re-
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Fig. 9. Projected burned area of the Northern (a and c) and South-
ern (b and d) Hemisphere of Africa using model VC (a and b) and
model C (c and d) for the two SRES storylines A2 and B1 from
1980–2060. The time period from 1980–2000 is derived from the
control simulation of the 20th century. Lines are 10-year moving
averages and bars show the standard deviation within the 10 years.
gardless of the time of the year. However, since these periods
are relatively short, the total error in terms of the intra-annual
ﬁre distribution is rather small.
3.3 Model application – simulated burned area
Applying the two burned area models to projected climate
and population data results in the total burned areas as dis-
played in Fig. 9. At continental scale, all considered climate
variables show relatively small changes over the simulation
period (Fig. 2). While the total precipitation is similar in
the two climate simulations, the Nesterov index as well as
the total population reaches higher values in the A2 scenario.
However, the displayed hemispheric totals include not only
the savannah regions (since their spread might change over
time) but also the tropical rain forest and the large deserts,
hence local differences in the savannah regions are not re-
ﬂected well in Fig. 2.
The simulated burned area for the time period from 1980
to 2060 decreases over time in both hemispheres and for
both scenario projections (Fig. 9). The variability of model
VC (Fig. 9a, b) is smaller than the variability of model C
(Fig. 9c, d) which takes only the climate variables into ac-
count. The decline in ba calculated with model VC lies at
ca. 0.3×1012 km2 (ca. 20–25% of the maximum value at the
beginning of the simulation) in both hemispheres, though the
total values are lower in the Southern Hemisphere (Fig. 9a,
b). Model C estimates lower burned areas at the beginning
of the experiment, a smaller decline as well as a larger inter-
annual variability. The simulation based on the SRES A2
storyline results in higher burned areas but the differences
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Fig. 10. Projected changes in mean annual precipitation (a) and
population density (b) for the SRES storyline B1 and the ECHAM
climate model (see methods section). Panels are plotted as the dif-
ference between the average of the years 2050 to 2060 and 1990 to
2000.
are not signiﬁcant, since the standard deviations of the to-
tal burned areas of both scenarios overlap in the majority of
cases.
The projected spatial distribution of the changes in rainfall
pattern over Africa shows a strong dipole pattern (Fig. 10a)
Large parts of the Southern Hemisphere that coincide with
areas of high wildﬁre activity under present-day conditions
(Fig. 1) are expected to experience a decline in MAP of up to
150mm, whereas in other areas precipitation is expected to
increase by approximately the same amount – hence the rel-
atively conservative totals seen in Fig. 2. By contrast to the
hemisphericdifferencesinprecipitation, thepopulationisex-
pected to increase across the whole continent (Fig. 10b), with
highest population growth projected for the northern parts.
Figure 10 illustrates responses from the B1 scenario, but the
observed patterns in the A2 scenario were not qualitatively
different (not shown).
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Fig. 11. Projected burned area fraction across Africa calculated
from model VC according to the climate and population develop-
ment relating to SRES storyline B1. Displayed are the average
burned fraction from 2050 to 2060 (a) and the average of the years
2050 to 2060 minus the average of the years 1990 to 2000 (b).
Projections for the period 2050 to 2060 show the strongest
decrease in fraction of area burned in areas which currently
experience the highest wildﬁre activity (Fig. 11a, b; Fig. 1)
but simulated variability between gridcells remains low, a
similar to pattern to that observed with the statistical model
for present-day conditions (see Fig. 4). While in the North-
ern Hemisphere, the areas experiencing high ﬁre activities
are also still in the projection experiencing a higher ﬁre activ-
ity than surrounding areas, in the southern part of the hemi-
sphere this is not the case. The simulations indicate that
based on the variables considered in the GLM the decline
in burned area is not associated with a decline in speciﬁc
regions, but rather a relatively uniform response across the
savannah biome.
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4 Discussion
Thecorrectsimulationandpredictionofcontinentalorglobal
wildﬁre pattern is, despite of being interesting in itself, a cru-
cial part in the predictive modelling of vegetation distribu-
tion, structure, and the exchanges of greenhouse gases and
pyrogenic substances.
4.1 Burned area model variables and resolution
The presented statistical analysis has been designed espe-
cially for its suitability to be incorporated in DVMs or ESMs,
noting that the necessary choice of a sub-set of applicable
variables might lead to a lower performance compared to
other approaches that are not restricted in the choice of the
explanatory data (e.g. Archibald et al., 2009). However, the
selected variables precipitation, Nesterov index (reﬂecting
potential fuel dryness and being related to precipitation), tree
and herb cover, and population density are key determinants
of ﬁre patterns (Archibald et al., 2009) and are available for
historic and projected time periods and commonly simulated
by DVMs. Model VC represented the spatial distribution
of area burnt reasonably well, but the inter-annual variabil-
ity and maximum burn fraction were underestimated. One
likely reason for the underestimation of temporal and spa-
tial variability is the broad geographic scale at which the
analysis was performed. Both, individual ﬁres as well as
precipitation vary substantially on a scale much below the
one degree spatial resolution of this analysis. Moreover, ad-
ditional variables inﬂuence the annual burned area but are
not considered here, like landscape fragmentation (density
of roads), land use practices, differences in the developmen-
tal stage of the agricultural systems and the ﬁre suppression
policy (e.g. Archibald et al., 2009). Simulation of land use
pattern is not common in DVMs yet (Arneth et al., 2010b)
and while a spatially explicit projection of changes in land
use is available for the 21th century for Europe (Reginster
and Rounsevell, 2006), nothing comparable is available for
the African continent to the knowledge of the authors.
Additionally, the variable “tree cover” which had the high-
est explanatory value was only available as a static dataset for
the year 2001. This is problematic for the development of the
statistic model since ﬁre can potentially have strong impacts
on tree and herb cover over time and therefore change their
relative distribution on an inter-annual basis (Arneth et al.,
2010a). Therefore we consider the agreement between the
ﬁnal model and the data reasonable, keeping in mind also the
uncertainties in the burned area data (see Methods section)
and noting the limitations introduced by the high level of ag-
gregation due to the required one degree scale.
The analysis demonstrated that the vegetation and produc-
tivity related variables i.e. tree and herb cover as well as pre-
cipitation over the last 4 seasons and over the preceding wet
season were ranked above variables relating to the dryness
of the fuel i.e. precipitation over the dry season and Nesterov
index (Table 1). This indicates that in the majority of cases
the fuel load is by far more important to estimate the area
burnt fraction than the dryness, since the dry season in most
parts of African savannas are sufﬁciently long to generate ﬁre
prone conditions. The strongly enhanced predictive power of
the GLM when including vegetation-derived variables calls
for development of improved remote sensing products of
vegetation structural properties with at least annual resolu-
tion. It moreover also indicates how future projections of
ﬁre regimes cannot be performed without robust simulations
of the dynamic growth response of vegetation to interacting
climate and atmospheric CO2 concentration.
4.2 Additionaldriversofwildﬁresandspatialresolution
An earlier ﬁre model for the application in global models
was developed by Pechony et al. (2009), using similar driv-
ing variables and additionally accounting for lightning as a
driver. Though lightning is assumed to be the only natural ig-
nition source potentially resulting in a considerable amount
of wildﬁres, we decided not to include this variable here
because natural ignitions are likely of minor importance in
Africa, at least under the present-day ﬁre regime (Saarnak,
2001). Additionally, the spatial resolution of the remotely
sensedlightningdata(e.g.2.5◦, Christianetal., 1996)andthe
data quality of the available daily resolution products is not
sufﬁcient to robustly estimate natural ignitions. A previous
attempt to use these data showed that it is problematic to sep-
arate between lighting strikes occurring before the rain event
and strikes which occur during a rain event, the latter im-
posing a very low risk of ﬁre ignition (Arneth et al., 2010a).
Ignition caused by lighting is prone to be overestimated us-
ing the currently available global datasets. Still, for model
applications that seek to study changes in ﬁre regimes into
the past or into the future a separate treatment of lightning is
desirable because the paleo-record of ﬁre puts forward strong
arguments for a mostly climate-driven ﬁre regime (Marlon et
al., 2008), and since climate change is expected to change
patterns of thunderstorms and lightning (Price and Asfur,
2006). Even though ﬁres are in most cases ignited by hu-
mans for a variety of purposes (land management, hunting,
agriculture practices; Saarnak, 2001) our study shows that
climate variables are still more important factors in explain-
ing ﬁre occurrence than population density.
Our results are in agreement withthe ﬁndings of Archibald
et al. (2009) who also ranked the importance of population
density below all climate and vegetation related drivers of
burned area (though still at position ﬁve out of 11 investi-
gated drivers). Their study, which was conducted at a com-
parable resolution to ours found no evidence that ignition
frequency either limited or promoted the burnt area, since
ignition does not succeed to a spreading ﬁre succeed without
otherwise favourable environmental conditions. High pop-
ulation densities however are linked to low ﬁre frequencies
Biogeosciences, 7, 3199–3214, 2010 www.biogeosciences.net/7/3199/2010/V. Lehsten et al.: Modelling burned area in Africa 3211
due to ﬁre prevention, extinction and low fuel loads. At the
spatial resolution of our analysis we can hardly represent the
effects of an uneven population distribution occurring within
a grid cell. The grid cells can vary in size from 1.2×104 km2
at the equator to 1.0×104 km2 at the most northern part of
Africa, even though a high population density might be as-
signed to a certain cell, parts of the cell can still be less
densely populated and hence subject to wildﬁres. Thus the
detected correlation, and probably also the spatial variability
would likely increase substantially if the necessary informa-
tion was available on a ﬁner resolution.
4.3 Evaluation of model performance
Our assessment of model performance was based on the R-
valueandtheBIC.RelyingsolelyonR-valuesmightbeprob-
lematic in cases of nonlinear relationships, and can poten-
tially lead to over-ﬁtting by ignoring the number of param-
eters used for the analysis. By contrast, the BIC applies a
weight to the number of variables to select the best model
(Schwarz, 1978). All factors considered in our regression
model represent certain aspects of the conditions that deter-
mine the overall burned area, and the BIC statistics did not
provide a strong argument to discard any of these although
their relative importance will vary. In addition to causal cor-
relation a considerable amount of spatial auto-correlation is
present in the explanatory as well as in the predicted vari-
ables. We separated the available datasets into groups and
tested the model performance only on data not used to esti-
mate the ﬁre model parameters. But since our model focuses
on the continental wildﬁre patterns for large-scale applica-
tions rather than analyzing causal relationships per se, a more
complete analysis of the inﬂuence of the spatial autocorrela-
tion on the variables is beyond the scope of this work. Our
listing of the driving variables thus also does not consider a
ranking or effects including variables in different order.
Aiming to pool all available data in a valid way, we used a
“ﬁre year” instead of the Julian year and shifted the seasons
between northern and southern Africa. However, a param-
eterization for a global model (e.g. Pechony and Shindell,
2009) requires a distinction between different regions, like
presented by Giglio et al. (2006) to reﬂect existing variation
between larger regions in their ﬁre regime and/or the variable
use of ﬁre as a land management tool. It is to be expected,
for instance, that a parameterisation for mean precipitation of
the last four seasons, which was shown to have a strong in-
ﬂuence on the African ﬁres would not work in boreal forests.
For Africa, precipitation is the main driver of productivity
and hence available litter to burn, while in cooler environ-
ments, accumulated temperature becomes an additional im-
portant factor (Crevoisier et al., 2007).
4.4 Temporal distribution of burned area fractions
To the knowledge of the authors, this study is the ﬁrst to pro-
pose a statistical procedure to distribute ﬁre events over the
course of the year. The correct timing of ﬁre events is im-
portant since the effects of ﬁres on vegetation and on the
atmospheric composition strongly depend on ﬁre intensity
and hence on the climatic conditions. We related timing of
ﬁres to the fuel dryness represented by the Nesterov index.
The derived uni-modal relationship with a peak at a medium
Ni (Fig. 7) value indicates that the time of human ﬁre igni-
tions is chosen to be mostly in the ﬁrst half of the dry season
which has also been stated by Saarnak (2001). For a natu-
ral (lightning-driven) ﬁre regime we expect a shift towards
relatively larger fraction of burned area to coincide with high
Nesterov index values, since most lightning strikes would oc-
cur just before the wet season (dry lightning). Though rare
in numbers, dry lightning could potentially burn large areas
that would have had a high fuel accumulation in the absence
of a human driven ﬁre regime. Over the course of the year,
the Nesterov index (see Fig. 6b) decreased less abruptly than
shown in Fig. 8a, mainly because of latitudinal and inter-
annual averaging. Distributing the burned area temporally
based on such smooth seasonal transitions could potentially
lead to an incorrectly simulated second ﬁre season at the end
of the dry season. However, within a single cell, the Nesterov
index drops from the maximum level to zero at the ﬁrst day
with 3mm or more precipitation (Fig. 8a). Within a dynamic
vegetation model, the daily fraction of burned area can hence
directly be calculated from Nesterov index using Eqs. (5) and
(6) due to the sharp decline within the single cell (Fig. 8a)
compared to the latitudinal average (Fig. 6b).
4.5 Burned area projection
The simulated burned areas for the year 1997 to 2008 of
model VC are comparable to values estimated by Giglio
et al. (2010) who estimated burned area to lie between
1.1×1012 m2 and 1.5×1012 m2 for these years, with a mean
of 1.31×1012 m2 for the Northern Hemisphere. For South-
ern Hemisphere regions the authors found a similar range,
but a slightly smaller mean compared to our estimates of
1.25×1012 m2 for the Southern Hemisphere of Africa. This
encourages the use of the simulated climate data in connec-
tion with the parameterized model I since the climate data
used here is (though for an overlapping time period) an in-
dependent simulation of the climate variables from the GCM
which also generated the future projection of the climate.
The application of the two parameterised GLMs using
simulated climate data for the period from 1980 to 2060
resulted in a considerable decrease of burned area regard-
less of the scenario and model applied (Fig. 9). Both the
strong decline, as well as the similarity in trends between the
two hemispheres is at ﬁrst surprising. Continental precipi-
tation sums (2-year mean, dry and wet season precipitation
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Fig. 2) show no obvious trend over time, but the spatial
pattern shows a general decrease in MAP especially in the
Southern Hemisphere, but an increase mainly in the Northern
Hemisphere regions. This is in agreement with the IPCC 4th
Assessment report which states that during recent decades,
eastern Africa has been experiencing an intensifying dipole
rainfall pattern with increasing rainfall over the northern sec-
tor and decreased rainfall over the southern sector (Schreck
and Semazzi, 2004; Boko et al., 2007). According to the pa-
rameterized model VC, decreasing MAP should lead to a re-
duced burned area in those regions with a MAP not higher
than 1100mm before the decrease, mostly because of the
associated effects on reduced productivity and litter input.
Therefore, the decreasing trend simulated for the Southern
Hemisphere regions are likely driven by changes in MAP,
enhanced by increasing population density. For the North-
ern Hemisphere regions, the projected population increase
more than compensates effects of increased precipitation in
our model.
Fire has been applied as a land management tool in Africa
over millennia. A decreasing trend at least for the Northern
Hemisphere was seen in the remotely sensed burned areas
estimated by Giglio et al. (2010), and our future simulations
project a continuing, considerable decrease regardless of the
experiment and scenario. The vast majority (ca. 90%) of the
Africa’s population depends on rain-fed crop production and
pastoralism within the savannah biome to meet its basic food
supplies (Patt and Winkler, 2007). Therefore, if burned area
would be interpreted as an indictor for the total area suitable
for a variety of human activities to produce food, the calcu-
lated reduction should be of major concern for inhabitants in
these regions.
5 Conclusions
Understanding ﬁre driving factors is fundamentally impor-
tant for developing process-based simulation models of ﬁre
occurrence under future climate and environmental change
scenarios. This study offers a tool to estimate burned area
for a variety of purposes. It provides both, the estimation
of the total burned area as well as the intra-annual distribu-
tion of the ﬁre activity over the year. The application of the
models to climate change projections shows the potential of
the derived model and the strong decrease in burned area,
which is related to favourable conditions for food production,
demonstrates the impact that the expected climatic changes
will have for Africa.
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Fig. A1. Fraction of area burned in the ﬁre year 2007. Panel (a)
predicted from the parameterised ﬁre model C. Panel (b) residuals
observed (remotely sensed from MODIS MCD45; see Fig. 4a) –
predicted from model C. Data for the year 2007 is not used for the
estimation of the model parameter (Table A1).
Appendix A
Parameter and performance of model C (Burned
area model with reduced variable set)
The general form of model C is similar to the form of model
VC conforming to Eq. (A1). Instead of seven, the reduced set
has only ﬁve parameters, as listed in Table A1. The predicted
ratios of area burned are given in Fig. A1. Similar to model
VC, we used the natural logarithm instead of the actual value
for the variables dry season precipitation and population den-
sity.
ba =
1
1 + e
−
 
a +
5 P
i=1
livi +siv2
i
! (A1)
For further information refer to the explanation given for
Eq. (5).
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Table A1. Parameterisation of model C. Correlation coefﬁcient (R-
value) of all single variable models and linear and squared coefﬁ-
cients for model C. The constant term for the ﬁnal model is −7.91.
The abbreviations v, l and s are used in Eq. (A1).
Model variables (v) Corr. coeff. Linear coeff. Squared coeff.
sing. var. in ﬁnal in ﬁnal
model model (l) model (s)
Mean Precipitation 0.49 8.66×10−3 −3.62×10−6
last 4 seas. [mm]
Precipitation 0.46 9.68×10−4 −3.07×10−7
Rain-season [mm]
Nesterov maximum 0.39 3.80×10−5 −1.93×10−10
[see above]
log(Population 0.27 −5.72×10−2 −2.29×10−1
density [per/km2])
log(Precipitation 0.26 3.91×10−1 −4.95×10−2
Dry-season [mm])
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